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Abstract

Accurately extracting buildings from remote sensing images is crucial in areas such as urban
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planning, statistical surveys, and disaster emergency assessment. However, due to the diversity of
building forms and the complexity of ground environment in high-resolution remote sensing im-
ages, achieving complete and high-precision extraction of buildings remains a challenge. There-
fore, this paper proposes a new network for extracting buildings from high-resolution remote
sensing images, which retains the encoder decoder structure of U-Net and integrates a Coordinate
Self Attention Module (CSAM) to adjust the network’s attention to different regions in the input
image, enabling the network to selectively capture and emphasize important semantic informa-
tion and enhance feature extraction capabilities. The experimental results on the WHU building
dataset with a spatial resolution of 0.3 m show that the proposed network can achieve more accu-
rate building extraction results compared to U-Net, PSPNet, and DeepLabV3+, achieving pixel ac-
curacy of 98.21%, accuracy of 95.28%, recall of 94.57%, and intersection to union ratio of 90.34%.
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Figure 1. U-Net network structure
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Figure 2. Coordinate self attention module
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Figure 3. Model structure of this article
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Figure 4. WHU building dataset. (a) Research area, the blue box represents the training area, the yellow box represents the
validation area, and the red box represents the testing area; (b) Size 512 x 512 pixel original image; (c) The label of the orig-
inal image
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Table 1. Indicator results of each model
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AR PP R AR Accuracy Precision Recall loU
PSPNet 96.88 91.16 91.18 83.77
DeeplLabv3+ 97.48 92.91 92.83 86.69
U-Net 97.76 94.11 93.13 88.00
SE-UNet 97.89 94.88 93.11 88.66
CBAM-UNet 97.97 94.91 93.50 89.04
ASCHETY 98.21 95.28 94.57 90.34
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Figure 5. Comparison of building segmentation effects of different models
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